Is there any return to education in criminal activities? This paper is one of the first to investigate whether education has not only a positive impact on legitimate, but also on illegitimate activities. We use as a case study one of the longest running criminal corporations in history: the Italian-American mafia. Its most successful members were capable businessmen, orchestrating crimes that required abilities that might be learned at school: extracting the optimal rent when setting up a racket, weighting interests against default risk when starting a loan sharking business or organizing supply chains, logistics and distribution when setting up a drug dealing system. We address this question by comparing mobsters to a variety of samples drawn from the United States 1940 Population Census, including a sample of their closest (non-mobster) neighbors. We document that mobsters have one year less education than their neighbors on average. We find that mobsters have significant returns to education of 7.5-8.5 percent, which is only slightly smaller than their neighbors and 2-5 percentage points smaller than for U.S.-born men or male citizens. Mobster returns were consistently about twice as large as a sample of Italian immigrants or immigrants from all origin countries. Within that, those charged with complex crimes including embezzlement and bookmaking have the highest returns. We conclude that private returns to education exist even in the illegal activities characterized by a certain degree of complexity as in the case of organized crime in mid-twentieth century United States. * We acknowledge the excellent research assistance of Patryk Bronka, Leo Faiola, and Gautham Udupa. We would also like to thank the editor Lance Lochner for all his comments and Dan Hamermesh for suggesting a more catchy title.
Introduction
Additional years of education are known to increase earnings in legitimate labor activities.
But, what about illegal ones? In this study we will not discuss the activities of common criminals. Our focus is professional criminals who belonged to one of the most successful and long-lasting criminal organizations: the Italian-American mafia between the 1930s and the 1960s. We match a list set up by the Federal Bureau of Narcotics (FBN) of 712 mobsters belonging to the Italian-American mafia with the 1940 United States (U.S.)
Census of Population. This gives us information about income, housing values, education, job characteristics, as well as the precise address of residence for each individual. We create a sample of white, male, similarly aged, neighbors of these mobsters that serves as the closest comparison group and we also present estimated returns to education for other samples drawn from the 1940 Census, including all working-age white men; whites born in the U.S.; all U.S. citizens; all immigrants; all Italian immigrants; and second-generation Italians (who are born in the U.S. but have at least one parent born in Italy).
Economists have shown that increased levels of education reduce criminal participation. This implies that education is valued more by legitimate firms than by illegitimate ones. This is consistent with our first finding: mafia mobsters have on average one less year of education when compared to the sample of neighbors.
But, this finding does not imply that annualized returns to education are smaller for organized crime members than for ordinary workers. Criminal careers are known to start very early and are likely to be interwoven with schooling choices. Individuals who choose to be part of the mafia are likely to trade off income and power for risk of injury, prison, and death. This alone, without the need of lower returns to education, would predict a lower investment in education as there would be fewer years of working life in which to recoup foregone wages (Mincer, 1974) . Indeed, economic theory predicts that individuals with lower (working) life expectancy should have larger annualized returns to education. This is true unless the extra schooling is not marketable. So, is schooling marketable in the mafia? This question really involves the mafia's complex business model and the link between human capital and schooling. Let us start with the latter. If one takes Bowles and Gintis (2002) 's view that schools "prepare people for adult work rules, by socializing people to function well (and without complaint) in the hierarchical structure of the modern corporation" it would seem that schools are an ideal training environment for aspiring mobsters.
While we do not fully embrace this view of schooling, many of the skills students acquire at school are likely to be useful when setting up a racket (i.e. extracting the optimal rent), a loan sharking business (i.e. weighting interests against default risks), a drug dealing system (i.e. setting up supply chains), etc. It is ultimately an empirical question as to whether the returns to education in the mafia are similar to the ones ordinary workers enjoy. This comparison, we believe, is also informative about the workings of the mafia.
The results presented below hold, we argue, for criminals engaged in complex criminal activities, but may not be more generally true of petty criminals or criminals operating at the lowest levels of criminal organizations, whose everyday tasks are much simpler and do not involve the planning, risk evaluation, and communication skills needed of those higher in the network. We are therefore providing a counterpoint to Carvalho and Soares (forthcoming) , and Levitt and Venkatesh (2000) , who study the characteristics of regular gang members.
We estimate Mincer-type regressions using log income and log housing value as the main outcomes. The main independent variable of interest is years of education. We present results for the mobster sample and compare to other reasonable comparison groups: all men; U.S. citizens; immigrants; Italian immigrants and second-generation Italian men; and a sample of mobster neighbors, who lived on the same block (and usu-ally the same exact street) in 1940.
We find large returns to education within the mafia, no matter the model, or the outcome variable, that we use. This shows that private returns to education exist not only in legitimate but also in the illegitimate activities that imply a sufficient degree of complexity. Mobster returns (in terms of income) to a year of schooling are around 7.5-8.5 percent, compared to 9-10 percent for the neighbor sample and 10.5-13 percent for the U.S. born and U.S. citizen samples. Interestingly, mobster returns are substantially larger than we find for the immigrant and, especially, the Italian immigrant, samples, while they are only about one percentage point higher than we find for second-generation Italians. Moreover, for mobsters who, according to the FBN records, were involved in white-collar crimes or in crimes that require running an illegal business (i.e., racketeering, loan sharking, bootlegging, etc.) we find returns to education that are about three times as large as for those who are involved in violent crimes (i.e., robberies, murders, etc.).
To our knowledge, this is the first systematic attempt to estimate the returns to education in criminal activities and provides intuitive insights into the workings of complex criminal gangs such as the mafia and into the factors considered by those deciding to become criminals in the first place. Carvalho and Soares (forthcoming) provide some evidence on the returns to education for low level Rio de Janeiro gang members but it is not the main focus of their study.
The paper proceeds as follows. We first discuss the existing literature on education and crime, before providing a brief overview of the history of mafia organizations and members in the U.S. before 1960. We then present our novel dataset as well as our comparison samples drawn from the U.S. Census. We then discuss the empirical methodology before finally presenting our results, discussing mechanisms, and concluding.
Literature Review
This section discusses both the existing literature analyzing the impact of education on crime and the recent and historical literature measuring the returns to education, providing context to the analysis presented below.
Education has been relatively neglected by economists as a channel that might influence both criminal proceeds and the incentive to engage in crime. Most of the (quite recent) literature on this topic finds that education reduces crime through different potential channels: first of all, education increases the opportunity cost of the legitimate labor market and, if arrested, of the lost time spent in jail, thus making it more costly to engage in criminal activities ("deterrence" mechanism). Then, education might change preferences and behaviors, by increasing patience and risk aversion. Finally, there is a potential "school incapacitation" effect that might lead to a direct decrease in crime. Lochner and Moretti (2004) , Machin et al. (2011) and Hjalmarsson et al. (2015) use a school reform as an exogenous source of variation for an extra compulsory year of schooling and find strong evidence that education significantly decreases the probability of being involved in criminal activities. Meghir et al. (2012) find that the Swedish educational reform introduced in 1962 aimed at increasing the number of years of compulsory schooling had not only a direct effect in reducing crime for the men affected by the reform, but also for their children. Anderson (2014) uses county-level data for the U.S. to show that arrest rates for 16-18 year olds are significantly lowered by the implementation of minimum age of dropout laws. Luallen (2006) investigates the impact of school incapacitation on juvenile crime rates by using teacher strike days as a source of variation of student school attendance and he finds that schooling significantly decreases juvenile crime.
1 .
And yet, Ehrlich (1975) suggests that the relation between education and crime may be more complex, since it depends on the way education affects the relative opportunities available to offenders in different illegitimate activities. In his view, education can be regarded as an instrument to improve efficiency in the production in both legitimate as well as illegitimate markets, and we should expect to find lower educated people committing petty crimes, and more educated ones committing more elaborate crimes (e.g. fraud,
forgery, embezzlement, trade in illegal merchandise, and illegal commercial practices, etc The predictions of his model are generally supported by the data presented in the empirical part of his paper where he finds that education is associated with fewer property and violent crimes but with more white collar crimes (although not significantly).
Lack of individual data on criminal proceeds and education has prevented scholars from analyzing the effect of education and on the productivity of criminals.
2 The only exception we are aware of is Carvalho and Soares (forthcoming), a recent paper on 230 youngsters working for drug-selling gangs in 34 poor neighborhoods of Rio de Janeiro (so called "favelas"), Brazil. The authors have very detailed information on socioeconomic factors, like years of schooling, literacy, wages related to drug dealing, involvement in violence, etc. Their study is not focussed on estimating the returns to education but in their Mincer wage regressions the coefficient on years of education is not significantly different from zero. Instead, the coefficient on years of experience ranges between 5 and 10 percent.
But, drug selling in a Brazilian favela is likely to require a different set of skills compared to many of the legal and illegal businesses that were run by the mafia in New York and in other major U.S. cities historically. The involvement of victims in racketeering, extortions, and fraud adds an additional layer of complexity which is more common in white-collar crimes. Moreover, many of these businesses were often run together, again, adding complexity. Levitt and Venkatesh (2000) investigate the characteristics of members of a gang located in an inner-city neighborhood in a large, industrial American city. They show that gangsters' average wages are only slightly higher than those earned in the legal sector, but that the distribution of wages is highly skewed and is characterized by enormous wage differentials between the gangsters at the bottom and those at the top of the criminal organization. They interpret the decision to join a gang as a tournament, where the winners will be highly compensated in terms of future wage. But, they have no data on the educational attainment of gangsters.
This paper also relates to the large literature estimating the private returns to education more generally. For several decades, economists have been running Mincer regressions similar in form to those we present and estimate below, variously using ordinary least squares (OLS), instrumental variables (IV) and control function techniques to address estimation issues including ability bias and measurement error. Recent investigations by Heckman et al. (2003) have found that the Mincer specification, which assumes a linear relationship between log earnings and years of education and a quadratic relationship between log earnings and experience, was most appropriate for the period 1940-1950. This is reassuring for the results presented in this paper and indicates that our estimates can reasonably be considered to represent the internal rate of return to education. Ashenfelter et al. (1999) provides a meta-analysis of 27 modern studies estimating the returns to schooling, focusing mainly on twins and sibling studies where estimates are based on within-family variation, and on IV analyses. Returns based on OLS estimation of Mincer-type regressions tend to average 6-7%, while using IV or a twins sample yields estimates closer to 9% on average. Their method controls for reporting bias whereby studies finding insignificant results tend to be underreported, which may be a particular problem for IV and twin studies given their larger sampling errors. Once they employ this approach, they conclude that the estimated returns to schooling identified in the literature do not differ substantively due to differing estimation strategies. This conclusion is reassuring for us, given that we are limited due to the nature of our historical data in this study in terms of moving beyond OLS estimations.
Card (2001) surveys the current state of the literature, focusing on IV approaches. He points out that, even in studies using the most convincing instruments 3 , the interpretation of the results must be as the average effect of education on earnings across individuals with potentially heterogeneous returns to and costs of obtaining education and it also reflects who was most affected by the instrument, which may not always be representative of the returns to education of the average person in the population. Given that the returns may be higher for those at lower levels of education, and that most IV strategies tend to exploit this margin of exogeneity in attainment (the compulsory schooling and distance to educational institutions studies for example), it is not so surprising that IV estimates tend to be larger. This also suggests that producing OLS estimates is still a useful exercise.
Finally, we discuss the smaller literature on education and estimates of its return in pre-World War II U.S. The historical literature on education has traditionally focused on plotting the general trend of the rise of educational attainment and public education.
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The general trend during the early twentieth century was a steep upward trajectory in educational attainment associated with the "High School Revolution", with some states 
The Italian-American Mafia
This section provides some context regarding the Italian-American population and mafia from the turn of the twentieth century onwards, which will inform our analyses of rates of educational attainment and measured returns to schooling for these groups. Buonanno et al. (2015) have shown how these agricultural problems also contributed to the rise of the mafia in many parts of Sicily and Southern Italy.
The majority of these immigrants were agricultural workers, with low levels of literacy.
In 1901, about 80 percent of the Sicilian population was illiterate (ISTAT, 2014) , and such rates were likely similar among the negatively selected group of early immigrants (immigrants tend to be younger and thus more literate but also poorer and thus less literate). The early immigrants tended to be geographically clustered, with large numbers living in little "Italies" and, as a group, they maintained their hostility to schooling. The "Americanization" that might occur in American public schools was perceived as a threat
to their values. For example, Anthony Accardo, Chicago's boss-of-bosses for almost a halfcentury (who has a record in the FBN data), was born in Chicago to Sicilian immigrants.
Both settled in the U.S. in 1905. When Anthony was 14 his parents filed paperwork with the authorities claiming that he was two years older than he actually was so that he could leave school and go to work, a common practice (Roemer, 1995) . Later, we show that it is precisely after eight years of schooling, when children are about 14, that the educational gap between mafia members and their neighbors emerges.
Possibly also because of the educational gap, children of these early immigrants had a higher tendency to become street gang members in the slums, spoke little Italian, and worked side by side with criminals from other ethnicities, mainly Jewish and Irish (Lupo, 2009 Later, we show that the returns to education for these "business" criminals are, indeed, quite large, and they drive our general finding of a healthy return to education for mobsters.
Data

Mobster and Neighbor Samples
In this section we explain how the dataset was constructed. We searched the manuscript records of the 1940 U.S. Census of Population for 712 members of the Italian-American mafia whose details were listed in the 1960 Federal Bureau of Narcotics (FBN) records.
9
The records are an exact facsimile of the FBN secret files on American mafia members who were active in 1960 (FBN, 2007) . 10 There are no written records about how the FBN followed mobsters and constructed the network. Through surveillance posts and undercover agents, the agency was likely discovering previously unknown mobsters by following known ones. Very active mobsters with many connections are thus likely to be 9 In the 1930s, and up to the 1950s, the FBN, which later merged with the Bureau of Drug Abuse Control to form the Bureau of Narcotics and Dangerous Drugs, was the main authority in the fight against the mafia (Critchley, 2009). The New York Federal Bureau of Investigation had just a handful of agents assigned to the mafia, while in the same office more than 400 agents were fighting domestic communists (Maas, 1968) .
10 The distribution of the year of first arrest of mobsters has almost full support within the range 1908-1960, so one can infer that the data refer to what the authorities knew in 1960.
over-represented in our dataset. In some specifications, we use information on the network of connections to control for this sample selection, by reweighting the data in a way that resembles snowball sampling (see Mastrobuoni (2015) ).
We then link these records based on a multitude of variables (first name, surname, names of family members, the residence address, the year of birth, etc.) by hand to the 1940 Decennial Census using the genealogical Web site ancestry.com. We face two selection problems. We can only match mobsters who survived up to 1960 and we can only gather information on incomes and/or housing outcomes when the mobsters are not in prison at the time of the Census. A smaller issue is the fact that some mobsters immigrated to the U.S. after 1940, but we find evidence that, for those we managed to find on "ancestry.com", this was only the case for 7 of the 712 potential mobsters, so we do not consider this to be a big problem.
Between 1940 and 1960, mafia Families were not at war with each other, so the second selection problem is likely to be more serious. Thirty-two mobsters out of the 414 (7.7 percent) that we matched to the 1940 Census were in prison. One would expect the more "executive" members of the mafia, the soldiers, to be more likely to face the risks of prison or death. We have information on education for those spending time in prison, and these mobsters do indeed have, on average, lower levels of education compared to the ones that are out of prison (6.8 versus 7.7 years).
Including the 32 inmates, by imputing their incomes or housing values, has little influence on the estimated returns to education, but we need to keep in mind that this robustness test cannot be performed for the members who died between 1940 and 1960. the first arrest happens in 1940 or before.
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Our search achieved a high match rate of almost 57%, matching 414 individuals to their Census record. This compares favorably with match rates from other studies searching for individuals in historical Censuses using ancestry.com-our relative success is likely attributed to the amount of information in the FBN records that we could use to match to the Census. Using broadly similar search criteria, Collins and Wanamaker (2013) obtain a 21% match rate when searching for African-American men between the 1910 and 1930 U.S. Censuses, while Abramitzky et al. (2014) report a 19% match rate when connecting more than one census between 1900 and 1920. Table 1 compares the characteristics of our final sample (matched and selected based on age, etc.) with the unmatched or unselected mobsters. The purpose is to highlight any difference that might influence our results. From the FBN records, we compare the year of birth, the business criminals indicator, the number of words in the records that describe a mobster as a top ranked member of the mafia, marital status, the number of children, whether they resided in New Jersey or in New York and, finally, whether they had ever been arrested and, if that is the case, the year of their first arrest.
The number of words variable is constructed using more detail from the FBN files, which contain descriptions of each mobster and their activities. Our "Top ranked citations" variable sums up the number of mentions of the following words: boss, highest, most, head, top, high, influential, important, leader, leading, powerful, and representing.
We define "business" criminals as those who are charged with any of the following offenses: embezzlement, forgery, fraud, counterfeiting, gambling, prostitution, tax evasion, and bookmaking. "Non business" criminals are all the others. The most common "non business" crimes are: robbery, murder, weapons offenses, simple assault, larceny, burglary, drug and liquor offenses. Slightly more than one third of mobsters are business criminals.
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12 As a robustness check we can restrict the analysis to these mobsters and the returns to education are almost identical for the two groups. Results are available upon request.
13 Adding liquor and drug offenses to the definition of business criminals does not alter the results.
The averages tend to be close to each other. Unsurprisingly, given the 20-year differences between the two data sets, unmatched mobsters tend to be slightly younger (two years on average). Probably because of this difference they are also less likely to be married, and have on average fewer children. Not finding a significant difference in terms of leadership (top ranked citations) is quite reassuring for our potential sample selection:
mobsters in the two samples appear to have the same visibility and importance in the organization.
We collected were people recorded on the same page not living on the same exact street, but even in these cases they were still living very close by (in adjoining streets, for example, see Logan and Parman, 2015) . A single Census card may contain more than one street, as the enumerator continued recording families "around the block". Because of the urban nature of mobsters, everybody that we identify as their neighbor is living at most one block away from them.
The advantage of the 1940 Census is that it allows for a search by first and last names as well as basic demographic characteristics and it was the first U.S. Census to ask questions at the individual level about highest grade of schooling attained, wage income, whether any non-labor income was earned in the previous year and migration in the past five years and it also provides information on the house value or rent paid for Moreover, some of the differences in the characteristics of mobsters and neighbors suggest that neighbors are indeed less likely to be mobsters. We will see that neighbors are considerably less likely to be born in Italy (15 percent against 38 percent), they are also less likely to be employers or to be working on own account (12.95 percent against 31.14 percent) and twice as likely to be working for the government, probably as part of the New Deal Works Project Administration (9.92 percent against 4.72 percent). We will also see that they are less likely to underreport their income.
Here is how we selected mobsters and neighbors. Each mobster who, in that year, was not spending time in prison (32 out of 414 were incarcerated), was not attending school (45 out of 382 were still in school), and whose age was above 18 (6 out of 334 were minors) was then matched one to many with their white male neighbors selected as above and whose age is within 10 years of the mobster's age (we also use lower thresholds). The average number of records on each Census page (independently of race, gender and age)
is 32.5 and never exceeds 40 because of the physical dimensions of the standard Census cards. In ninety percent of cases there are more than 25 such records. Once the sample is reduced as outlined above, the average number of neighbors is equal to 6.2.
This gives us a final sample of 311 mobsters and a comparable set of their peers, based on age, race, gender and place of residence, on which to run our analysis of the returns to education for criminals versus non-criminals. We firstly discuss summary characteristics of the samples before proceeding with our main analyses. We also acknowledge that we are running straightforward Mincer regressions using OLS. But, given that our data collection strategy allows us to observe mobsters and neighbors, in Section 5 we argue that the usually cited biases of such an approach should be present for both groups equally, allowing us to compare outcomes for the two. We additionally present estimates for broader comparison groups to investigate the validity of our mobster and neighbor findings.
Census Data
We draw various samples from the 1940 Federal Census IPUMS 1% sample, and investigate the returns to education in these samples for comparison with the estimated returns for mobsters. In line with the characteristics of mobsters, the most comprehensive sample includes all white men aged between 18 and 60. Then, we further select all U.S.-born men;
all male citizens of the U.S.; all Italian-born men living in the U.S.; all immigrants living in the U.S.; second generation Italian men (defined as U.S.-born individuals having either a mother or father born in Italy). For robustness some specifications restrict further by age and weight the samples according to the age and location of mobsters across the U.S.
As for mobsters and neighbors, for all of these samples only men who are recorded as not attending school and being in the labor force are included. We then follow Goldin and
Katz (2000) to multiply topcoded incomes by 1.5 and to construct our measure of potential experience used in the Mincer regressions below. This potential experience measure is equal to the minimum of (age-years of education-7) and (age-15) and it thus reflects both the usual age of starting education during this period and the fact that historically a greater proportion of individuals reported implausibly low levels of educational attainment. The education variable for the 1940 Census, used to construct both our potential experience and education variables, records the highest grade of schooling attained.
In the analyses below we present results for all of these samples. It is not immediately obvious as to what the correct comparison group for high-level criminals should be, so we present results from the most general sample (all white men in the U.S.) down to a sample of white male neighbors using only those on the same Census card as each mobster. The most relevant comparisons are probably second-generation Italians, Italian immigrants and the neighbor sample. This is based on the demographics of the samples and the fact that, both historically and today, there is a high degree of residential clustering so that neighbors should share characteristics with mobsters and should face the same labor market and institutional constraints and opportunities.
Summary Statistics
In the analyses neighbors are always weighted by the inverse of their number ω i = 1/n i , where the index i identifies mobsters. Table 2 shows the summary statistics for mobsters, for the matched neighbors, and for the entire sample of white men aged between 18 and 60 (the Appendix Tables A2 and A3 cover the remaining comparison groups).
Mobsters are considerably more likely to report no income (partly because they are more likely to be self-employed), and the ones they report are on average 20 percent lower than for matched neighbors. This is likely to be misreporting because it is incompatible with the value of the house where they live. Mobsters are more likely to own a house (33 percent vs. 32 percent), and their house is on average worth about 10 percent more compared to those of their neighbors and 65 percent more than the average white men of similar age and similar state of residence. Moreover, even mobsters who are renting tend to spend slightly more than their closest matches. Mobsters' neighbors, instead, are quite similar to the average white man, especially when the overall sample is weighted according to the distribution of age and state of residence of mobsters (and neighbors), the only exception being that they live in more expensive housing.
We note that the Census instructions were very clear that enumerators should explain that information was not allowed to be passed on to the authorities and they faced a penalty of up to a $1000 fine or 2 years imprisonment if they revealed any confidential information. Enumerators also swore to not accept answers that they believed to be false and to assert their authority in entering people's homes and finding the correct information. Each enumerator covered only 1-2 blocks and reported their work to a supervisor. It seems that these measures were successful enough for mobsters to be comfortable with being entered on a Census card. We still acknowledge that they are unlikely to have reported all of their income from all sources. In only 6 cases do we have 2 observations for a mobster's income-this comes from cases where we have the 1940 Census record and we were also able to find a prison admission register for the individual (but they were not in prison in 1940). 14 2 of these cases were from the 1920s, but looking at those in the 1930s suggests that mobsters do underreport income. It is difficult, however,
14 Admission registers which are searchable by name exist on ancestry.com for Sing Sing and Clinton prisons, both in New York state.
They were consulted in December 2015, and can be found at the following urls: http://search.ancestry.co.uk/search/db.aspx?dbid=8922 and http://search.ancestry.co.uk/search/db.aspx?dbid=9023.
to tell if the 1940 income is reported much lower because of the time spent in jail or because of mobsters exercising more caution in responding to Census officials than prison officials.
Since underreporting might bias our results we will conduct our analysis considering three different measures of their economic status: i) income, ii) an index based on the value of their house and their monthly rent payments (called "housing value"), and iii) whether or not they own the house in which they live. Yet, the observed differences in education might be part of the story. Mobsters have, on average, one less year of education compared to their neighbors: 7.80 against 8.75. Their educational attainment is even lower compared to the average U.S. male aged 18-60 who had 9.05 years. In line with the anecdotal evidence outlined above, Figure 1 shows that this difference is mainly driven by differences in the likelihood of entering high school versus entering the labor market, when children are about 14.
In terms of other socioeconomic characteristics, mobsters are more likely to be foreigners (30 percent are aliens, while 25 percent have been naturalized compared to 22 percent and 18 percent respectively for the group of neighbors), and are more likely to have been born in Italy. They are more likely to be married but they have, on average, fewer children and live in smaller households. Geographic mobility is low for both groups: 85% of mobsters and 86% of their neighbors have lived in the same house for at least five years.
Figures 2 and 3, show the cumulative distributions of log income and log housing quality for mobsters and the main comparison group, neighbors. The housing quality measure is explained in more detail in the next section, but it is one measure of residential status constructed from the Census information on either rents paid (where an individual is a renter) or housing value (where an individual is a homeowner). The raw plots for mobsters and neighbors show that mobsters' reported log income is typically lower than the log income of neighbors. The opposite is true when looking at housing value. This is likely driven by income being underreported, an issue we return to in the next sections. Now that we have introduced the data sources and some summary statistics for our samples of mobsters, neighbors, and others drawn from the 1940 Census, the following sections will outline the methodology and results, facilitating a comparison of the returns to education in legitimate and illegitimate activities.
Returns to Education
In order to establish the role that education plays in shaping earnings inside organized crime organizations, we follow the long tradition of Mincer-type regressions, estimated with OLS. The main drawback of this approach is the possibility of ability bias-that an omitted variable, such as unobserved ability, may be correlated with both log income and years of education. Our datasets do not allow us to utilize the IV approaches common in the literature, as outlined in the Literature Review section. However, we believe that the bias should be similar for the mobster sample and for the comparison samples of neighbors, Italians, second-generation Italians, U.S.-born and U.S.-citizen men. The existing literature has shown that OLS estimates are mostly biased downwards relative to those found using IV methods, so our results below may be considered lower bound estimates.
We thus interpret our reported returns to education as reflecting both the true return to schooling and the component that reflects the fact that ability is correlated with years of schooling attained.
Below, we also address the problem of under-reporting of mobsters' income. We also present some specifications that control for the fact that we have a selected sample of criminals. By using the FBN data from 1960, we are starting with a sample of highly successful and well-connected mobsters and, since the FBN data allowed us to identify the connectedness and importance of each individual, we reweight some estimations to control for the fact that well-connected people are more likely to be in the sample, making it non-representative of the typical mobster.
Main Results
As is customary, we transform all outcomes into logarithms. There is an additional advantage of taking logarithms: if mobsters are only reporting a fraction of their income µY i , in logarithms this fraction will be separated from the outcome log µ + log Y i = α + y i and can be captured by the constant term (or by the other regressors). Taking logarithms we exclude all incomes that are zero. We will show that this is likely to improve the precision of the estimates as zero incomes do not appear to be genuinely zero but are rather driven by misreporting.
Next, we measure the returns to education for mobsters and neighbors. We follow the long tradition of Mincer regressions and use linear models, where the log of y is regressed on years of education and potential experience.
15 In order to allow errors to be correlated across mobsters residing in the same city standard errors are clustered at the city level.
The results for the (parsimonious) regressions of income when controlling only for potential experience and years of education are in Columns 1 and 5 of Table 3 for mobsters and our main comparison group, neighbors. Columns 2-4 and 6-8 introduce more controls (we label these our baseline specifications). Table 6 presents the returns to education for alternative comparison groups using both the parsimonious and baseline specifications.
Later, we show that controlling for potential experience squared does not alter our main conclusions. We will also show that excluding the variables that could potentially be endogenous to income (marital status, number of household members, and number of children) does not alter the results. It suggests that education has a similar payoff in illegitimate and legitimate activities when comparing groups living in close proximity and who face the same opportunities in legal and illegal work in 1940.
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For mobsters, the returns to education drop by 0.4 and 1.1 percentage points when adding other socioeconomic variables as well as city or state fixed effects. For their neighbors, adding socioeconomic variables reduces the returns by 0.9 percentage points, while city or state fixed effects have almost no effect on the estimates. Mobsters and neighbors have very similar returns to potential experience in all specifications.
As for the coefficients on the other controls, there are quite substantial differences between mobsters and neighbors. Mobsters born in Italy and those that have been naturalized tend to report much smaller incomes, while those that are immigrants (aliens in the Census) report higher incomes. For neighbors, none of these differences are significant.
To cope with the potential measurement error bias in income discussed above we employ two different strategies: we impute mobsters' income using neighbors' income and we estimate Mincer regressions using housing quality as the dependent variable.
Taking these strategies in turn, Table 4 displays results using a variety of imputation strategies to deal with missing and zero income data for mobsters. Imputation was used for all mobsters (the only exception is column 3 where we only impute zeros and missing data). The first column repeats the result from Table 3 , Column 4, the city fixed effects specification. The second column imputes incomes using housing values and housing rents, which are arguably more difficult to misreport and are available for almost all mobsters.
If y
n /h n is the ratio between incomes and housing values for neighbors, we impute log income for mobsters using log(ŷ m ) = log(y n /h n * h m ). Using mobsters' housing values the returns to education are almost unchanged, as shown in Column 2.
Starting with Column 3, we use neighbors' incomes as a proxy for mobsters' incomes.
Not surprisingly, given the potential mismatch the returns to education tend to be smaller though still significant. In particular, in the "Only missing and zeros" column only the missing incomes are imputed (log(ŷ m ) = log(y n ) when y m is missing or zero) using neighbors' incomes weighted by the inverse sum of standardized absolute differences between mobsters and neighbors in the observable characteristics used in Table 3 . In other words, more weight is given to neighbors that have similar characteristics to the mobsters.
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In the "All" column, the unweighted neighbors' income is used for all mobsters' income, and such fully imputed incomes are weighted in the "Weighting" column. In columns "Nationality" and "Nationality&Age", only neighbors of the same nationality (Italian or not), and whose age difference is smaller than 5 years, are used. These tighter matches deliver returns to education that are closer to the baseline results.
Turning to the second strategy, housing outcomes might be an alternative, possibly less distorted, proxy for long-term income or wealth. The housing outcomes for each household are almost never missing in the 1940 Census, for mobsters and others. Intuitively, since enumerators could see the asset in question, it's unlikely that responders would be able to under-report the value of housing. We compute Housing Quality, an index for housing quality that converts monthly rents into a house value. We used the ratio of house values to rents at the city level from the neighbor sample to convert mobster and neighbor rental
ik | is the distance between the mobsters' and the neighbors' observable characteristic k = 1, ..., K, then we define the standardized distance to be:
The weight for observation i, w i , is simply equal to the inverse of the distance (
values into housing quality proxies. 18 This index is then used as the dependent variable. Table 5 shows that, even when using housing values, the returns to education and experience are quite comparable for the two groups. If anything, the returns seem to be larger for mobsters than for neighbors in the first two specifications (Columns 1 and 2). As in Table 3 , for mobsters city fixed effects tend to reduce the coefficients on education (see Column 3). The reason may be that city fixed effects capture 57 percent of the variability of education for mobsters, as shown in the last row of the table. Mobsters appear to sort into cities based on their level of education more than their neighbors. In other words, a successful mobster tends to be based in big cities that offer more opportunities and have more expensive houses.
19
We now place the mobster results in context by looking at other comparison groups beyond neighbors. We estimate returns for different groups: all men aged 18-60, men born in the U.S., US citizens, immigrants, men born in Italy, and second-generation Italian men.
Although the counterfactuals that are plausibly the closest ones to our treatment group (mobsters) are that of men born in Italy and those with at least one parent born in Italy, we also use the other comparison groups to have other interesting benchmarks. Table 6 shows the returns to education for the different comparison groups for the entire U.S., with Panel B weighting by mobsters' age and state of residence. Returns are highest for those born in the U.S. (11.8% in the weighted expanded specification) followed closely by U.S. citizens (10.4%). Second-generation Italians have an estimated return of 6.8%, immigrants 4.8% and lastly Italian immigrants 3.2%. These compare to 7.4% for mobsters using the same specification, putting them closest to the second-generation
Italians. This group is likely a very close comparison in terms of both unobservable characteristics and market opportunities and so this result highlights that the returns to 18 The rent ratio distribution was first censored at the top and bottom 5% marks.
19 Table A1 in the Appendix shows returns to education when using home-ownership as the dependent variable. Education significantly affects the decision to buy a house only for neighbors and not for mobsters. The coefficient on education is always positive for mobsters but it is significant only in the specification with state fixed effects. education in legal and illegal activities are very similar. Taken together, these results suggest that the low returns to investment in education for Italian immigrants in the legal labor market may partially explain both the low investment made by mobsters in education and their decision to become involved in organized crime.
That returns to education for mobsters are larger than for immigrants, and especially compared to the Italian immigrants (as shown by comparing results in Table 6 to those in Table 3 Finally, we re-estimate mobster returns to education, taking into account the importance of mobsters within the mafia organization. The FBN records contain information about the closest criminal associates. This allows us to build the network of mobsters.
We deal with the incompleteness and non-randomness of such a network by modeling law enforcement's surveillance and detection of mafia mobsters as a Markov chain. More active, more important, and more connected mobsters are more likely to be noticed and tracked. This means that observed gangsters are likely to be more connected than the average one. If the only low-educated mobsters to come to the attention of authorities and entered into FBN files are those who happen to be quite successful, this would probably lead to downward biased estimates of the relationship between education and mobster outcomes.
In order to produce a representative sample of mobsters, "sampling" weights should underweight highly connected mobsters and vice versa. This kind of sampling resembles a procedure that is used to sample hidden populations, called snowball sampling (a detailed description of how to construct the sampling weights can be found in Mastrobuoni (2015)).
The weighting scheme gives less weight to individuals with high numbers of connections. This should control for selection into our mobster sample, and does not seem to affect the results regarding the returns to education. Column 1 of Table 7 presents results from specifications that are the same as Table 3 , Column 4. Column 2 of that table reproduces the same specification but applies a Markov-Chain weighting on mobsters. Here, we assume that mobsters who were more senior and well-connected within the hierarchy of the mafia were those who were reported in the FBN files around 1960 and we want to control for this selection into our mobster sample. The next columns in the table show the effect of years of education on the likelihood of being self-employed (Columns 3 and 4 are estimated with the linear probability model with a dummy for being self-employed as the outcome). Then, Columns 5 and 6 report results using importance of a mobster within the organization as an outcome measure. The results show that education had a positive effect on both the likelihood of running a business in 1940 and of being more important/successful in the mafia organization in 1960, whether or not we use the Markov-Chain weighting.
In Table 8 we perform some robustness checks to be sure that our results are not biased by the particular specification we used. Column 1 show the estimates of our baseline regression. In Column 2 we use log hourly wage (a variable created dividing income by the total working hours per year, when the information is available) as our dependent variable. Returns to education are lower than in the baseline, but still significant. The results differ little when we control for a squared term of potential years of experience (Column 3) and when limiting the sample to neighbors whose age gap with mobsters is under 5 years (and not 10 as in the baseline) (see Column 4). We do this to explore the robustness of our results and to compare mobsters to an even more relevant comparison group. The results are also robust to focussing on individuals above age 22 (Column 5), an age at which individuals in the 1940s had usually completed their studies. We also estimate returns to education without using family controls (married, number of people in the households and number of children) that are potentially endogenous to education, but including all the other regressors as in the main specification (Columns 4 and 8 in Table 3 ). Again, we find results that are in line with our main specification. The gap of 1-2 percentage points between mobster and neighbor returns from Table 3 is mostly replicated in these robustness checks.
To make sure that our estimates do not differ too much when including people reporting zero income, the final robustness check uses a Poisson model. The returns to education for mobsters is still (weakly) significant with a lower coefficient (about 6 percent). This is consistent with the observed misreporting of zero income. Mobsters who report incomes of zero have on average higher levels of education, and live in more valuable housing. The opposite is true for neighbors.
In summary, the main message is that there was a substantial return to education for mafia members based on their information and activities in the 1940 Census. The magnitude of their returns is very similar to samples of their neighbors and to a more general sample of second-generation Italians. Immigrants, especially Italians, seem to have had very low returns to education in the legal labor market while those enjoying the highest returns were the U.S.-born and U.S. citizen groups. This is likely due in part to occupational clustering, with immigrants being found mostly at the bottom of the occupational ladder and finding it difficult to move upwards in the legal labor market.
Mechanisms
We discussed above that we believe the returns to education that we calculate for our mobster sample is so similar to the returns in legitimate activities found in the previous literature and in our various comparison samples presented in Tables 2 and 5 because mobsters, especially those who have been a member of the organization for a long time and are well connected, engage in crimes that require cognitive, organizational and even social skills of the type that are developed in formal education.
We are able to test this explanation more thoroughly, using information from the FBN files on the crimes with which individuals have been charged. In particular, we compare returns to education between business and non-business criminals, as defined above.
Our findings are reported in Table 9 , with income as the outcome in Columns 1-4 and housing quality as the outcome in Columns 5-8. Even columns report returns to education and experience for these business criminals, while odd columns represent returns for all others. Returns to education are at least 9 percentage points higher for business criminals, and their returns to experience are at least 5 percentage points higher in the income regressions. These results are very consistent with our narrative that mobsters have surprisingly high returns to education because of the complex nature of the crimes and criminal network that they are involved in. Our main results can be considered an average of the results for these two types within the mobster group. This finding suggests that, in general, those engaged in complex crimes and white-collar crimes more generally may enjoy a high return to education. Conversely, the results for the non-business criminals within the mobster group reveal quite low returns to education, not very different to the immigrant and Italian immigrant returns to legitimate activities shown in Table 6 . These are also closer to the low (but insignificant) returns reported by Carvalho and Soares (forthcoming) for their sample of young, lowly Rio gang members. Consistent with a career choice model, we find that the distribution of years of education of mobsters is first order stochastically dominated by the distribution of their neighbors. We also find that schooling has a positive return not only in legitimate activities, but also in illegitimate ones. In fact, mobsters' returns lie in between those for Italian and other immigrant groups (on the lower end) and those for U.S.-born individuals and U.S. citizens (on the higher end). While this might appear counterintuitive, a model of human capital investment where the working life is shorter (in this case because of expected prison time, injuries or death), predicts larger annual returns to education. This is because the marginal year of schooling will have to provide larger annual returns for somebody whose working life is shorter, as there will be less time to make up for the investment over the lifetime.
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The mafia business is usually a mix of legal and illegal activities. For illegal activities like racketeering, extortion, loan sharking, etc. skills acquired in education, like the ability to process numbers, to think logically, organize complicated logistics systems etc.
are likely to increase with education and seem necessary for success in these mafia roles.
Moreover, often times loan sharking would allow mobsters to acquire legitimate businesses convenient for money-laundering purposes. Returns to education in such activities are likely to be large too. The FBN records allowed us to identify the types of crimes mobsters were charged with and investigate returns to education and experience for "business" criminals, who were involved in the types of activities just described, and others, who were not charged with such crimes. The results are fully consistent with our narrative and show returns to education for business criminals that are of the same order of magnitude as for the U.S.-born and U.S. citizens.
We conclude that, at least for career criminals operating at a high level in complex organizations who perpetrate serious crimes, education is quite valuable.
This study has focused on a very specific organized crime group, the mafia. Whether these results hold up in other criminal organizations, with more or less complex business models, is a possible avenue of future research. Similarly, this paper is silent on the value of education for criminals at lower ranks within a larger criminal organization and, given the small sample size and unstable results in Carvalho and Soares (forthcoming), the returns for such individuals remain uncertain. Mafia log income Neighbors log income Mafia log house value Neighbors log house value Figure 3 : Cumulative Distribution of (log) Housing Quality 
337,021
Notes: The Neighbors as well as all comparison groups are restricted to white men aged between 18 and 60. Reweighting is done according to the distribution of mobsters by age and state of residence. Notes: There are a total of 311 mobsters in the data. The number of observations refer to the unweighted data. There are a total of 180 mobsters with positive incomes. Mincer wage regressions with clustered (by city) standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1. Notes: This table shows returns to education using seven different imputation strategies for income (one for each column of the table). Imputation was used for all mobsters (the only exception is column 3 where we only impute zeros and missing data). "None": this is our baseline regression with city fixed effects (see Column 4 in Table 3 ). "From housing": we use the ratio between income and housing value (and rent) for neighbors at city level (y n /h n ) to impute income for all mobsters (log(ŷ m ) = log(y n /h n * h m )). "Only missing and zeros": missing data on income as well as the zeros are imputed using neighbors' incomes weighted by the inverse sum of standardized absolute differences between mobsters and neighbors in the observable characteristics used in Table 3 . More weight is given to neighbors that have similar characteristics to the mobsters (see footnote 16 for more details). "All": the unweighted neighbors' income is used for all mobsters' income (not just for the missing values and the zeros). "Weighting": the imputed incomes in the "All" column are weighted using the same weights as in Column 3. "Nationality": only neighbors of the same nationality (Italian or not) are used to impute mobsters' income. "Nationality&Age": only neighbors of the same nationality and whose age difference is smaller than 5 years are used to impute mobsters' income. Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1. Notes: All Mincer-style regressions are estimated using linear models, and control for city fixed effects as well as for all the controls listed in Table 3 . The variable "Top ranked citations" counts the number of words in the records that describe a mobster as a top ranked member of the Mafia, while self-employed is a dummy that is equal to one if individuals declare to be self-employed in the 1940 Census. The Markov-chain weighting gives more weight to mobsters who in the FBN records appear to have few connections. Clustered (by city) standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1. Notes: There are a total of 311 mobsters in the data. The number of observations refer to the unweighted data. Weighting, there are 311 observations in both groups. Mincer wage regressions with clustered (by city) standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1. Notes: "Business" criminals have committed at least one of the following crimes: embezzlement, forgery, fraud, counterfeiting, gambling, prostitution, tax evasion, and bookmaking. "Non business" crimes include, among others: robbery, murder, weapons offenses, simple assault, larceny, burglary, drug and liquor offenses. Mincer wage regressions with clustered (by city) standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1. Notes: There are a total of 311 mobsters in the data. The number of observations refer to the unweighted data. Weighting, there are 311 observations in both groups. Mincer wage regressions with clustered (by city) standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1. 
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Notes: All comparison groups are restricted to white men aged between 18 and 60. Reweighting is done according to the distribution of mobsters by age and state of residence. Notes: All comparison groups are restricted to white men aged between 18 and 60. Reweighting is done according to the distribution of mobsters by age and state of residence.
